Abstract: Owing to the increasing demand for rehabilitation services, robotics have been engaged in addressing the drawbacks of conventional rehabilitation therapy. This paper focuses on the modelling and control of a three-link lower limb exoskeleton for gait rehabilitation that is restricted to the sagittal plane. The exoskeleton that is modelled together with a human lower limb model is subjected to a number of excitations at its joints while performing a joint space trajectory tracking, to investigate the effectiveness of the proposed controller in compensating disturbances. A particle swarm optimised active force control strategy is proposed to facilitate disturbance rejection of a conventional proportional-derivative (PD) control algorithm. The simulation study provides considerable insight into the robustness of the proposed method in attenuating the disturbance effect as compared to the conventional PD counterpart without compromising its tracking performance. The findings from the study further suggest its potential employment on a lower limb exoskeleton.
Introduction
The World Health Organization's (WHO) 2013 World health statistics reported that 8% of Malaysia's population is well over 60 years old [29, 33] . About 11% and 7.2% of children aged between 0 and 18 years were discovered with physical and cerebral palsy disabilities, respectively, as reported in the Malaysian Ministry of Health's annual report 2011 [21, 29] . The report also suggests that there is an average increase of 300% of stroke patients on top of 1.2 million new diabetic cases reported annually. It is not uncommon that gait abnormalities affect the aforesaid percentile [28] . Gait, in essence, is one's ability in maintaining balance and assume the upright position as well as one's capability in initiating and sustaining rhythmic stepping [25] . Gait disorders may originate from cerebellar disease, neuromuscular disease, cardiac disease, cognitive impairment, stroke, brain or spinal injury or even other general circumstances that may cause this condition [9, 22] .
Owing to the rising number of ageing society globally as well as other contributing factors, the demand for rehabilitation services is on the rise [9, 21, 22, 29, 33] . It is evident from previous studies that through continuous locomotion activity, patient's mobility may be improved [5, 31] . Traditional rehabilitation therapy in facilitating this form of activity requires the support of at least two physical therapists [8] . However, this type of treatment is deemed too laborious to the therapist as well as cost demanding. This scenario has led the research community to address the drawbacks of conventional rehabilitation therapy as well as the increasing demand for gait rehabilitation by engaging robotics. The control strategies developed over the years with respect to rehabilitation robotics reported in the literature can be classified into four main categories, namely, position tracking control, force and impedance control, biosignal-based control and adaptive control [20] .
As previously mentioned, one's mobility may be increased through regular and repetitive training on the impaired limb. This manner of exercise is of particular importance, particularly in the early stage of recovery whereby passive form is recommended, and this treatment can be achieved through positional or joint-based trajectory tracking control. A proportional-derivative (PD) controller was used in ARTHuR to generate a patient-specific stepping trajectory that was initially recorded during manual assistance [7] . The controller was found to be able to mimic good gait patterns with the patient's stepping trajectory with a slight alteration. However, it is worth noting that the performance of PD-based controllers often suffers severe setbacks at the onset of adverse operating conditions.
Computed-torque control scheme was used on an ankle rehabilitation robot [27] as well as on a lower limb exoskeleton with four degrees of freedom (DOF) [14] to track reference trajectories of the ankle as well as the hip, knee and ankle, respectively. The latter incorporated an adaptive and robust learning control scheme to address the time-varying uncertainties of the exoskeleton as well as the nonlinear dynamical nature of the exoskeleton and the human limb. Nonetheless, it is a well-known fact that such "model-based" controllers rely on the exact modelling of the system to achieve "ideal" performance, albeit additional controllers may be included to compensate for modelling errors.
Intelligent controllers have also been utilised in rehabilitation robotics. Jamwal et al. [12] used a Mamdani fuzzy logic controller to compensate the nonlinearity characteristics of a pneumatic muscle actuator-driven wearable ankle rehabilitation device. Although the robot was able to track desired trajectories, it still exhibits ineffective tracking errors especially upon its interaction with the ankle. Furthermore, the inherent limitations of fuzzy controllers are the formulation of the fuzzy rules as well as its extensive inference testing.
Active force control (AFC) is a feedback control technique that ensures a system's set point stays unaffected even in the event where disturbances are introduced [11] . The robustness of this method has also been successfully demonstrated both numerically as well as experimentally in a number of different applications [1, 15-19, 23, 24, 26, 30] . The proposed study aims to investigate the tracking performance of a robust control scheme viz. a hybrid PD particle swarm optimised AFC (PSOAFC) that is somewhat oblivious to the presence of disturbances of a three DOF lower limb exoskeleton system. The results obtained shall then be compared to a conventional PD controller taking into consideration the exact operating conditions. To the best of the authors' knowledge, the proposed controller design has yet been utilised in any lower limb exoskeleton system. This paper is structured as follows: the lower limb dynamics of the three-link exoskeleton incorporated with the human limb model based on the Euler-Lagrange formulation is described in the Lower Limb Dynamics section. This is followed by a description of the proposed control designs used in the study, viz. PD and PD-PSOAFC (Control Architecture section). A simulation study is presented in the Simulation section by considering different loading conditions to investigate the efficacy of the aforementioned controllers. The results of the study are then discussed in the Results and Discussion section. Finally, the conclusion is drawn, and the directions for future works are summarised in the Conclusions section.
Lower limb dynamics
The lower limb dynamics of the human limb and exoskeleton are modelled as rigid links joined by joints (bones), as depicted in Figure 1 . The three-link model restricted at the sagittal plane is a rather conservative system as the human-machine interaction is assumed to be seamless. Furthermore, the frictional elements acting on both exoskeleton and human joints as well as other unmodelled variables are also ignored.
In Figure 1 , subscripts 1, 2 and 3 represent the parameters of the first link (thigh), second link (crus/shank) and third link (foot), respectively, as well as the position of the hip, knee and ankle joints, respectively. L is the length segments of the limb, L c is the length segments of the limb about its centroidal axis and θ is the angular position of the links. The Lagrangian formulation is used in deriving the equation of motions for the nonlinear dynamic system. The lower limb dynamics of the coupled nonlinear differential equations may be written in the following standard form [4] .
where τ is the actuated torque vector, D is the 3 × 3 inertia matrix of the human limb and the exoskeleton, C is the Coriolis and centripetal torque vector, G is the gravitational torque vector and τ d is the external disturbance torque vector. The vector form yields 
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and the gravitational terms are
where m and I are the combination mass and mass moment of inertia of the exoskeleton as well as the limbs, respectively, and g is the gravitational constant taken as 9.81 m/s 2 . The parameters of the human lower limb were obtained through the anthropometric parameter of human segments [32] . The total mass is taken as 56.7 kg. The remaining parameters are listed in the Results and Discussion section.
Control architecture
The notion of AFC was initially conceived by Hewit and Burdess [11] in the early 1980s based on the principle of invariance and Newton's second law of motion. Mailah et al. have extended the effectiveness of the aforementioned control scheme by incorporating intelligent methods besides crude approximation technique in estimating the inertial matrix of the dynamic system that essentially activates the compensation effect of the controller [1, 15-19, 23, 24, 26, 30] . Nonetheless, it is important to note at this juncture that the efficacy of this technique is often based on the appropriate estimation of the inertial parameters (IN) of the dynamic system. A schematic of the PSOAFC scheme with the PD element applied to the exoskeleton is illustrated in Figure 2 . The PD-PSOAFC control scheme is engaged upon the activation of the AFC loop, without its initiation the system is regulated by the conventional PD architecture. The tracking error (i.e. the difference between the actual and desired angular position) obtained is fed into the PD controller for the conventional PD control system. As for the PD-PSOAFC, the tracking error [in particular, the root mean square (RMS) of the tracking error] is fed into the particle swarm optimisation (PSO) algorithm, and the optimised estimated IN is updated to augment the PD controller. The mathematical treatment of the aforesaid mechanism is discussed below.
The torque generated is governed by the classical PD control law, typically expressed as [4] 
where d θ and θ are the desired and current angular velocities, respectively; θ d and θ are the desired and current angular positions, respectively; and K d and K p are the derivative and proportional constants, respectively. In the study, the controller gains were assumed to be appropriately tuned by heuristic means.
In order to eliminate the actual disturbances τ d , the estimated disturbance torque τ d * has to be computed and is given by the following equation
where IN is the estimated inertial matrix, θ is the measured acceleration signal and τ is the measured applied control torque. The value of IN may be expressed in the following form
where only the diagonal terms of D are considered. The offdiagonal terms of the matrix are intentionally neglected as it has been demonstrated that the coupling term may be safely ignored [11] . The acceleration and the actuated torque of the lower limbs were also assumed to be perfectly modelled (i.e. the noises from sensors are totally neglected) in this particular study. It is noteworthy to mention that from the expression above, effective disturbance compensation response triggered in the AFC loop transpires only if both the acceleration signal and the applied control torque are reasonably measured and that the estimated inertia matrix is judiciously acquired. In effect, the system rejects the actual disturbance torque without having a priori knowledge of the actual disturbance itself. The acquisition of the estimated inertial matrix adopted in the study was obtained by means of PSO.
PSO is essentially an evolutionary computational technique developed by Eberhart and Kennedy [6] in the mid-1990s. It is a robust stochastic optimisation approach inspired by the social behaviour of a bird flock. Owing to the limited number of parameters adjustments that is required as well as its robustness, PSO has been demonstrated to work well over a broad range of both linear and nonlinear applications [2, 3, 10, 13, 34] . The underlying principle of PSO is that a swarm may be represented by a population, whereas a particle is represented by an individual. This particle is treated as a point in a multidimensional space, in which the particle adjusts its flying route based on its own flying experience as well as the experience of other particles. The adjustment is driven by the success of a particle itself and the success of its neighbouring particles. Each particle will produce two parameters, viz. the position of the particles as well as its velocity. The particle position for the next generation is given by the following equation:
From Equation (22) 
Referring to Equations (24) and (25), The personal best (pbest) is the best solution found by each particle in a swarm. Meanwhile, the global best (gbest) is the best solution among the pbest. The particles inside PSO have their velocity influenced by the cognitive and social components. The gbest and pbest positions are used to update the velocity of the particle via (25) . Each particle try to be the best among the others by replicating the success of its neighbours and its own. In this application, the decrease inertia weight ω is used and may be expressed as
where ω max and ω min are the maximum and minimum value of the inertia weight selected as 0.9 and 0.4, respectively; whereas k and k max are the particle at k th generation and its maximum generation, respectively. In this study, PSO is applied to estimate a set of appropriate IN value based on the track error information. The sum of the root mean square error (RMSE) will be used as the performance index in which the lower value of RMSE represents the best set of values for IN.
Simulation
MATLAB and Simulink software packages are utilised in performing the simulation work for the study. The Simulink block diagram for the proposed scheme consists of a number of subsystems, namely, the trajectory planner, the PD controller, the main PSOAFC loop, the lower limb dynamics model and the disturbance model. The simulation parameters used in the simulation study are given as follows: The lower limb model is prescribed to perform a joint space trajectory tracking of a predefined maximum range of motion at each individual joint, i.e. hip, knee and ankle, respectively [32] . The trajectories depicted in Figures 3-5 simulate the flexion and extension of both the hip and knee as well as the plantarflexion and dorsiflexion of the ankle. These basic prescribed trajectories are nontrivial, especially for patients that at their early stage of rehabilitation. The trajectory motion of the hip, knee and ankle are as follows:
Results and discussion
Initially, the classical PD controller gains were heuristically tuned to demonstrate desirable stable joint space tracking response as per the prescribed trajectory. These illustrates the convergence rate of the optimised estimated inertial matrices for a population size of 20 iterated 200 times through the PSO algorithm. Figures 7-9 depict the results obtained through the simulation work. The graphical results illustrate the tracking performance of both the conventional PD as well as PD-PSOAFC algorithms under three different conditions to investigate its robustness viz. no disturbance, constant disturbance of 100 N · m and harmonic disturbance with an amplitude of 100 N · m and a frequency of 50 rad/s applied to each joint respectively (hip, knee and ankle). Table 1 lists the tracking error performance in terms of RMS of each joint under the aforementioned scenarios. The tracking error performance indicates how well the exoskeleton follows the predefined trajectory of the flexion and extension movements of the joints during the rehabilitation process. The lower the RMS error value, the better the tracking performance.
The results shown in Figure 7A -C suggest that the proposed control scheme (PD-PSOAFC) performs reasonably well as compared with its conventional counterpart in terms of tracking performance under the no disturbance scenario. The accumulated RMS error of the PD-PSOAFC was found to be 2.86 mrad, and the PD scheme acquired an accumulated RMS error of 8.051 mrad. Although the tracking error of the knee and ankle joint of the PD control scheme is better compared to the PD-PSOAFC, the error is rather permissible considering the actual magnitude of the trajectory.
Upon the introduction of a constant disturbance on each individual joints as depicted in Figure 8A -C, the PSOAFC-based scheme appears to fare well in compensating the disturbance while maintaining good trajectory tracking as compared to its PD counterpart. The RMS error accumulated by the proposed scheme was found to be 1.979 mrad, which is innately in stark contrast to that of the PD scheme, whereby the RMS error sum was found to be 326.829 mrad. A similar pattern is observed upon the wake of harmonic disturbance as illustrated in Figure 9A -C. It is also evident from the trajectory tracking path as well as the RMS error readings that the PD-PSOAFC method in this scenario is deemed more superior in compensating disturbances than the conventional PD control approach. It could be readily inferred from the cases presented that the proposed control scheme is much more robust and accurate in compensating the disturbance effects.
In summary, it is also apparent from Figures 7A to 9C that the trajectory performance of the PD-PSOAFC is much more superior in contrast with the conventional PD controller. The erratic distortion from the desired trajectories illustrated by the PD control scheme at the onset of both forms of disturbances indicates its inability to effectively compensate the disturbances. Conversely, the robustness of the PD-PSOAFC-based scheme is demonstrated by the effective disturbance rejection that reduces the relatively high track error that transpires initially once the AFC loop is triggered. This in turn translates into its relatively good tracking performance even in the presence of external excitations.
In the actual physical system, the actuation torque may be measured directly from a torque sensor installed at the joint motors or indirectly by measuring the current supplied to the motors via a current sensor and by multiplying it with the motor torque constant. It is evident that the latter configuration is much more preferred owing to its simplicity and cost-effective implementation [1, 18, 19, 26] . On the other hand, the acceleration signal can be readily obtained through the use of an accelerometer attached within the vicinity of the following joints of the exoskeleton. This further implies that the exact modelling of the system and the a priori knowledge of the disturbances bound are not required, which in turn suggests the reduction of the computational cost necessary in compensating the external disturbances as well as its practicality in real-time implementation. Moreover, the effectiveness of the AFC in rejecting disturbances shall essentially provide the necessary torque to the actuator in order to lift the affected limbs with varying weight, as the weight is considered as a form of disturbance that contributes towards the additional torque experienced by the exoskeleton system.
Conclusion
It is evident from the preliminary simulation study that the PD-PSOAFC control scheme has been shown to demonstrate its robustness in the presence of disturbances and uncertainties as compared to its conventional counterpart. The PD control scheme provides satisfactory tracking performance without the presence of any form of disturbances acting on the system, nonetheless suffering considerably upon the onset of disturbances. Furthermore, the exceptional joint tracking performance achieved under various conditions by the PD-PSOAFC further suggests its applicability in the early stage of gait rehabilitation that requires 
